Using data for 12 manufacturing industries over the period 1980 -2006, we perform for Italy and Spain a dynamic panel estimation of the long-run elasticity of total factor productivity (TFP) with respect to R&D capital. In spite of recording a level of R&D capital lower than Italian industries, the technology-based industries in Spain have experienced a similar or higher long-run impact on TFP. This is mainly attributable to what occurred from the mid-1990s onwards when, thanks to increasing R&D efforts, the Spanish industries have been able to catch up with respect to the Italian ones. These findings suggest that, also in countries classified as technology followers, R&D investment is a crucial condition for boosting manufacturing productivity.
Introduction
After six years of economic stagnation and recession, ignited by the financial turmoil of 2008 and 2009, the European Union (EU) is struggling to restore a sustained pattern of economic growth. For achieving this goal it would not be enough to return to the pre-crisis situation. In fact, even before the crisis the GDP growth rate of the EU was lower than that recorded by some of its major competitors, such as the USA (European Commission 2010 . The EU countries that have experienced below average performance are mainly located in Southern Europe. In terms of productivity growth, Italy, Spain and Portugal have been lagging behind the Northern and Central countries of the EU since the mid-1990s. After the 2009 crisis such a "structural" productivity gap may have exacerbated their public debt burden (Darvas, Pisani-Ferry, and Wolff 2013) , and this has made more difficult for them to recover an adequate rate of GDP growth.
(2) For these countries, has the dynamics of R&D capital, rather than its level, played a crucial role in explaining the TFP performance of manufacturing industries?
For addressing these issues, we perform a dynamic panel analysis based on an error correction mechanism (ECM), which is able to disentangle the long-run effect of R&D from short-run co-movements. In our econometric analysis, we estimate the long-run elasticity of TFP with respect to the stock of R&D capital for two industry groups: one composed of R&Dintensive industries and the other including the remaining industries. In line with earlier studies, we found that only in the former group the long-run impact of R&D is positive and significant in both countries. Moreover, the estimated elasticity of R&D is comparable in magnitude between Italy and Spain. However, when we neutralise the effect of the recent decline in productivity growth that occurred between 2001 and 2006, we observe that the productivity impact of R&D is higher in Spain. We contend that these results are due to the fact that, starting from the early 1990s, the Spanish R&D-intensive industries remarkably increased their knowledge capital, while in Italy this was stagnant.
The above evidence suggests that in countries far from the technological frontier also, the most knowledge-intensive manufacturing industries attain significant productivity benefits from their R&D efforts. Moreover, the results for Spanish industries indicate that even for technologically backward countries, starting with a relatively low level of R&D capital, it is important to invest in R&D at increasing rates.
The paper is organised as follows. Section 2 provides an overview on the relationship between R&D investment and manufacturing productivity. Section 3 offers a descriptive analysis of the performance and characteristics of Italian and Spanish manufacturing industries. Section 4 introduces the analytical framework and describes how we compute industry-level data concerned with TFP and R&D capital stock. In Section 5, we present country-specific estimates by employing an ECM model linking TFP and R&D capital and perform some robustness checks. Conclusion is given in Section 6.
R&D and Productivity Growth in Manufacturing: An Overview
Although increases in production efficiency associated with knowledge-generating activities are pervasive throughout the economy, and for instance involve some service activities, R&D investments play a greater role in boosting manufacturing productivity. Moreover, it is well known that even manufacturing industries differ remarkably both in terms of absolute levels of R&D expenditure and their intensities on sales (or value added). Numerous explanations of why R&D intensity is high in some industries and low in others have been proposed in the literature: Klevorick et al. (1995, 186) contend that R&D intensity in an industry is largely dominated by two key variables, technological opportunity and the ability to appropriate returns from new developments. The former determines the productivity of R&D; the latter determines the fraction of returns from R&D that the innovator is able to retain. 2 Since this paper is concerned with the relationship between R&D investment and TFP growth at industry level, two important qualifications are in order. First, the role played by appropriability conditions should not be overstated: an effective patent protection, for instance, may push some companies to invest heavily in R&D, but this does not imply that, at industry level, innovative outputs and productivity growth will be particularly sustained. On the contrary, richer technological opportunities unambiguously improve the same variables. As a consequence, the remarkable and persistent differences in terms of R&D intensity that are observed across manufacturing industries are due to the fact that, in some of them, technological opportunities can be augmented or renewed at a higher rate. The second qualification refers to the use of direct (within-industry) R&D investment as the sole innovation indicator: this represents a clear limitation of the present study because, aside from the role played by inter-industry R&D spillovers, 3 manufacturing firms and industries may substantially innovate and improve their productivity with little or no investment in formal R&D. 4 For instance, considering the patenting activities of large companies, Mendonc a (2009) shows that also those belonging to non-R&D-intensive (or low-tech) industries have a remarkable capability of generating new technologies. Thus, the fact that some industries exhibit a greater R&D intensity does not necessarily mean that all the others are less innovative. Rather, what can be reasonably presumed is that the productivity growth of the so-called medium-and low-tech industries will not be based on R&D but on other types of investment (see Pavitt 1984) .
Such a presumption is supported by the econometric analyses so far performed at industry level and focussed on the causal nexus between R&D and output or productivity growth. Using sectoral data for developed countries over the period 1973 period -1988 period , Verspagen (1995 found that the impact of R&D on output was positive and significant only in high-tech sectors, while there were no significant effects for medium-and low-tech sectors. Similar findings have emerged from more recent sectoral analyses, such as those performed by Brandt (2007) and Ortega-Argilé s et al. (2010) . It should be added that the former study also considers the role exerted by inter-industry R&D spillovers, while the latter shows that the productivity growth of medium-and low-tech sectors is significantly affected by investment in physical rather than R&D capital. This evidence confirms that R&D expenditures are particularly concentrated in the industries that are more apt to translate their technological or knowledge investment into productivity gains, because of higher technological opportunities.
Performance and Characteristics of Italian and Spanish Manufacturing Industries
In this section we compare TFP 5 growth performance, R&D intensity and other structural characteristics of Italy and Spain over the period 1980-2006 by considering different economic aggregates: the total economy, the whole manufacturing sector and the sub-set of manufacturing industries having a relatively higher intensity of R&D expenditure on value added. This group is composed of the following two-digit manufacturing industries: Chemicals & Pharmaceuticals; Machinery & Equipment N.E.C.; Electrical & Optical Equipment; Transport Equipment. 6 These industries, which we label as "R&D-intensive", perform the bulk of manufacturing R&D in all the advanced countries. In our case, this group accounts for about 88 per cent of total manufacturing R&D in Italy and 78 per cent in Spain.
In order to better highlight cross-country differences over time, we break down the period 1980 -2006 into three intervals: 1980-1990, 1990-2000 and 2000-2006 . Table 1 shows that both in Italy and Spain there has been a continuous and widespread slowdown in TFP dynamics. However, in Italy the reduction in the rate of TFP growth was more severe in total manufacturing and R&D-intensive industries as compared to the total economy. In Spain, instead, the TFP performance of the whole economy was worse than that of manufacturing industries (especially the R&D-intensive ones), and only after 2000 there was a generalised decline of TFP.
Another important finding is that the Italian manufacturing industries performed always better than their Spanish counterparts with the only but relevant exception of the R&Dintensive industries during the 1990s. In this decade, the rate of TFP growth in technologyadvanced industries of Spain was higher than that of the entire manufacturing sector. Such a process, however, reversed in the 2000s when these industries experienced a remarkable productivity decline, in line with that recorded in Italy.
Tables 2 and 3 provide further insights on the structural characteristics of the manufacturing industries of Italy and Spain; Table 3 , in particular, presents disaggregate data for the four R&D-intensive industries considered in this study. Over time, the shares on It should be noted that our industry grouping corresponds to the aggregation of high-tech and medium-high-tech sectors of the OECD classification (Hatzichrinoglou 1997) . The only exception is shipbuilding: in our analysis, it is incorporated within transport equipment (classified as R&D-intensive), while it is included by the OECD in the mediumlow-tech sectors.
total value added of the whole manufacturing sector substantially declined in both countries, though the reduction was more evident in Spain. Instead, the shares of R&D-intensive industries on total manufacturing were not characterised by remarkable variation, although they slightly increased in Spain during the 1990s. Looking at individual industries (Table 3 ), in Italy there was a decline in the weight of Electrical & Optical Equipment and Transport Equipment while, conversely, in Spain the latter industry as well as Chemicals & Pharmaceuticals increased their shares in manufacturing value added.
The Italian and Spanish manufacturing industries are characterised by a strong presence of small-and medium-sized enterprises (SMEs) as witnessed by the low average number of employees per firm over the years 2000-2006: 7 in Italy and 11 in Spain. 7 However, the Spanish R&D-intensive firms are significantly larger than their Italian counterparts: 20.6 versus 12.5 employees. Moreover, from a dynamic point of view, the average size of Italian firms declined both in total manufacturing and, especially, in R&Dintensive industries, while an opposite trend occurred in Spain. In this country there was a remarkable increase in the size of firms belonging to the industries of Chemicals & Pharmaceuticals and Machinery & Equipment and this expansion more than compensated the reduction experienced in Transport Equipment and Electrical & Optical Equipment (Table 3 ). In Italy, instead, the reduction of firm size was more diffused among 1981 -1990. 7 The average firm size of two-digit manufacturing industries has been computed according to the number of enterprises and employees provided by the Industrial Statistics Database of the UNIDO (INDSTAT2, 2013 edition). The series concerned with the number of Spanish enterprises presents a staggering increase since 1999, probably due to the inclusion of much more firms with less than 20 employees. As a consequence, the number of enterprises in previous years has been inferred from the levels of 1999 by backwardly applying the rates of change recorded over 1981 -1998. Without these adjustments, the size of Spanish manufacturing firms would have been much higher than that reported in Tables 2 and 3. R&D-intensive industries with the partial exception of Machinery & Equipment. This phenomenon was particularly intense from 1987 to 1995, a period characterised by a substantial downsizing of some very large companies, both public and private (see footnote 8). Accordingly, the different trends in firm size recorded by the two countries under assessment seem to mainly diverge because of the largest firms. Finally, Tables 2 and 3 illustrate the shares of R&D expenditures on value added in manufacturing and the research-intensive industries. Both shares are much lower than those recorded by the most advanced countries of the EU. Considering the period 2000-2006, the R&D intensity in total manufacturing was, for instance, 7.7 per cent in Germany against 2.3 per cent of Italy and Spain. It must be noticed, however, that the R&D gap was even larger when the sub-set of R&D-intensive industries is considered: 12.7 per cent in Germany versus 5.5 per cent in Italy and 5.1 per cent in Spain. This suggests that the weak R&D performance of Italy and Spain was not mainly driven by their specialisation in low-tech industries but, rather, by the research propensity of their medium-and high-tech industries which invested in R&D much less than their North-European counterparts (see also Ulku 2007) .
As documented by the weights on manufacturing value added, both Italy and Spain have not undertaken a substantial shift towards more R&D-intensive industries. Instead, looking at the dynamic of R&D investment, these two countries have behaved differently. Moving from the 1980s to the first half of the 2000s, the R&D intensity of technology-based industries in Spain has constantly and significantly increased (from 3.1 per cent to 5.1 per cent), while in Italy R&D intensity has remained almost constant in the long run; in fact, the increase recorded in 1990-2000 was offset by a remarkable reduction in 2000-2006. These trends are common to all the individual industries classified as R&D-intensive (see Table 3 ), with the only exception of Machinery & Equipment in Italy (whose intensity of R&D expenditures also augmented in the last period).
This divergent behaviour in terms of R&D investment-increasing in Spain and stagnant or slightly decreasing in Italy-is due to variety of factors. As discussed above, some are related to the structural characteristics of these economies, such as the reduction in the average firm size experienced by R&D-intensive manufacturing industries in Italy. This was mainly due to the restructuring of the largest Italian firms which, in turn, has determined a parallel decrease in R&D investment. 8 However, a more important factor is concerned with the policy measures adopted in the two countries to sustain private research activities. Along with direct public funding, many governments have increasingly employed tax incentives to favour business R&D. Albeit Spain has intensified public supports of private R&D from 2000 onwards, this country has long guaranteed a particularly favourable fiscal treatment to private research outlays. Bloom, Griffith, and Van Reenen (2002) compare the R&D tax credit in a sample of OECD countries and estimate its effect on R&D capital accumulation between 1979 and 1997. They show that the tax wedge on R&D expenditure was lower and decreasing in Spain, while the Italian trend was increasing. The gap widened in particular since the late 1980s and, at the end of the 1990s, the tax wedge on R&D outlays in Spain was 40 per cent lower than that in Italy. In the same vein, comparing the overall fiscal treatment of R&D investment adopted in OECD countries, Warda (2006) shows that the Spanish system of R&D tax incentives has been the most generous one. Although these incentives have been used by both large firms and SMEs, Corchuelo and Martinez-Roz (2009) found that, in terms of additional R&D expenditures, the Spanish "tax policy has a significant and great effect only in large firms and firms that belong to high-technological intensity sectors" (2 -3). In Italy, instead, the R&D tax incentives for large companies have been the lowest among OECD countries, while they have been more advantageous for SMEs. This choice seems at odds with the fact that much of the Italian slowdown in R&D investment is due to the behaviour of the largest companies (see above) and that the main obstacle for innovative SMEs is the lack rather than the cost of external finance.
In conclusion, the R&D propensity of Italian and Spanish manufacturing industries is still below that of the most technologically advanced countries. However, thanks to favourable policy measures coupled with a stable presence of large firms, during the 1990s and the subsequent years Spain behaved as a typical technological follower should do, while the R&D efforts of the Italian industries slowed down. To what extent these different patterns of R&D investment have affected manufacturing productivity is the topic of the next sections.
R&D Capital and TFP Growth: Analytical Framework and Data Description
To model the relationship between R&D and TFP at industry level, we use a standard approach based on a Cobb-Douglas production function:
where the subscript i and t denote industries and years, respectively. Y stands for value added at constant prices, L for labour input, while K is the stock of physical (or tangible) capital. For these two inputs, constant returns to scale are assumed. We assume, as in Guellec and Van Pottelsberghe (2004) , that the TFP index (TFP it ) depends on an exogenous, industry-specific and time-invariant rate of technological change (h i ) and the stock of knowledge capital (RD) generated in each industry by means of cumulated R&D investment:
RD is taken with one-year lag with respect to TFP to allow for the fact that knowledge advances bring about efficiency gains only with a certain delay. 9 In presence of perfectly competitive markets (i.e. when labour and tangible capital are paid according to their marginal productivity), the elasticity a in Equation 1 can be approximated by the labour share on value added (s L ). Accordingly, the log-level of TFP can be computed as follows:
and, then, associated with the stock of R&D capital
The latter can be considered as a reduced-form equation of a structural model (cf. Cré pon, Duguet, and Mairesse 1998), where R&D input is the main determinant of the innovation generation function whose output (usually, patents) enters the Cobb-Douglas production function. Such a structural model has extensively been used in firm-level analyses but, being not particularly suitable for panel cointegration techniques, it has been less popular in industry-level studies. Another possibility would be that of estimating Equation 4 in first differences. However, this strategy would allow to identify only the shortrun effect of R&D on productivity; more importantly, it would be plagued by the estimation bias associated with measurement errors, omitted variables and reverse causality that typically affect regressions that do not look at the long-run relationship among variables. This leads to prefer cointegration techniques of regression. 10 It should be stressed that the framework we adopt takes into account only the direct (within-industry) effect of R&D capital on TFP growth, neglecting the role of international and inter-industry R&D spillovers. This is a limitation of the present study. Another caveat is that we do not look at inter-industry pecuniary spillovers that transit from upstream to downstream firms through vertical (input-output) intermediate transactions (Gehringer 2011 ). Yet, since we are dealing with two technological followers with a similar manufacturing composition, we can assume that the indirect effects of foreign and domestic R&D are not so different, leaving unchanged the estimates of the direct effects of knowledge capital. 11 Moreover, as discussed above, the cointegration estimation techniques adopted look at the trend in the long-run relationship between variables and are scarcely sensitive to mis-specification problems.
The present analysis is carried out on a panel of 12 two-digit manufacturing industries, whose data for valued added, gross fixed capital formation, total employment and labour compensation are available on a regular base from the OECD STructural ANalysis (STAN) database for the period 1980-2006. 12 Y is defined as industry value added at 1995 prices, L as total employment. s L is the share of labour compensation, adjusted for the remuneration of self-employed, on industry value added. K is the mid-year adjusted stock of tangible capital obtained with the perpetual inventory method and geometric depreciation from data on gross fixed capital formation (at 1995 prices). R&D capital is built in a consistent way from research expenditure, expressed at 1995 prices using industry deflator for value added (source: OECD ANBERD 2009). As standard in this branch of studies (Hall and Mairesse 1995) , we initially assume a depreciation rate of 15 per cent to build the knowledge stock. This parameter is set constant across industries and time. However, as the choice of R&D depreciation is an increasingly debated issue in the literature, we perform an array of robustness checks using decay rates for knowledge stocks that change across sectors and over time (see Section 5.2.2). Figure 1 illustrates R&D capital stocks (normalised by the number of employees) for the R&D-intensive industries in Italy and Spain. From 1980 to 1997 the Italian industries 10 See Section 5 for a discussion of the econometric procedure followed. 11 Aside from their direct effect on TFP, R&D activities are also aimed at sustaining an adequate absorption capacity (Cohen and Levinthal 1989) which allows to remain as close as possible to the technological frontier. Accordingly, the impact of R&D on TFP growth also depends on the distance to the world technological leader (Griffith, Redding, and Van Reenen 2004) . Being Italy and Spain technology laggards with similar structural features, one can safely assume that the distance to frontier and hence the growth effect of technology imitation were not remarkably different. 12 Sterlacchini and Venturini (2013). increased the R&D stock per employee more than their Spanish counterparts. After 1997, instead, their R&D capital remained almost constant and slightly diminished during the 2000s. Conversely, in the latter period, R&D capital grew steadily in Spain and, as a result, R&D-intensive industries halved the gap with respect to the Italian counterparts.
Estimation Procedure and Results
We estimate the long-run relationship between TFP and R&D capital for Italian and Spanish manufacturing industries re-formulating Equation 4 as an Auto-Regressive Distributed Lags (ARDL) model. This class of dynamic linear regressions is adopted to identify the relationship between dependent variable and regressors when the time horizon of the analysis largely exceeds the longitudinal dimension of the sample (T . N). This procedure allows to disentangle the short-run effect of the regressors from their long-run impact, making the latter type of coefficients robust to an array of estimation issues.
In our baseline specification, we rely upon a dynamic specification allowing for one-year lag of the dependent variable and R&D capital, namely ARDL (1, 1):
In Equation 5, all the parameters are assumed to be homogenous among industries aside from an individual fixed effect (a 0i ). We estimate the previous expression reformulated as a dynamic panel ECM model:
where b 0i ¼ a 0i , b 1 ¼ a 2 , b 2 ¼ a 1 2 1 and b 3 ¼ a 2 þ a 3 . The ratio u ¼ 2 [b 3 /b 2 ] identifies the long-run elasticity of TFP with respect to R&D capital. b 1 reflects instead the short-run 1 9 8 0 1 9 8 2 1 9 8 4 1 9 8 6 1 9 8 8 1 9 9 0 1 9 9 2 1 9 9 4 1 9 9 6 1 9 9 8 2 0 0 0 2 0 0 2 2 0 0 4 2 0 0 6 Italy Spain Figure 1 . R&D capital stock per employee in R&D-intensive manufacturing industries variations between dependent and explanatory variable, while 1 it are well-behaving error terms. 13 Along with exogenous changes in technology, b 0i captures unobserved industry heterogeneity. Equation 6 is extended to assess the role of R&D capital in the most knowledgeintensive industries, as the productivity effects of knowledge-generating activities are likely to be higher in presence of richer technological opportunities (see Section 2). In our set-up, this implies that the long-run relationship between knowledge capital and TFP should be stronger, and more statistically significant, for this industry grouping than for low R&Dintensive industries. To test this hypothesis, we include into Equation 6 two additional explanatory variables, defined as the interaction between a dummy variable for knowledgeintensive industries and the lagged levels of TFP and R&D capital:
In Equation 7, RI assumes the value of one for R&D-intensive industries, and zero otherwise. b 4 and b 5 identify the marginal impact of being one of these industries in explaining the long-run relationship between TFP and R&D. The long-run elasticity of the reference (non-R&D-intensive) group is given by u
Baseline Estimation
We estimate Equation 7 by means of the feasible generalised least squares (FGLS) estimator. We allow for a heteroskedastic error structure that also accounts for industryspecific, first-order autoregressive dynamics. The FGLS estimator is asymptotically more efficient than standard least squares estimators given than the former empirically infers components of the variance/covariance matrix by means of a set of auxiliary regressions. 14 Along with industry fixed effects, all the specifications include time dummies to account for stochastic shocks, which are common among industries. These co-movements could depend on technological proximity, a similar exposure to foreign competition, common fiscal policies, etc. In the following, this econometric approach is applied separately to Italian and Spanish industries.
FGLS estimates of Equation 7 are shown in Table 4 . 15 It reports both slope coefficients and the implied value of the long-run R&D elasticity for the reference group of non-R&Dintensive industries (u), and that of R&D-intensive industries (u RI ). The non-linear test on the 13 b 2 also measures how the dependent variable adjusts to the deviations from the long-run equilibrium [ ln TFP it21 2 u ln RD]. 14 Another valuable procedure able to yield efficient estimates is the seemingly unrelated regression proposed by Zellner (1962) . 15 In the Web Appendix, we show that TFP and R&D series contain unit roots and are cointegrated. This guarantees that the parameters u and u RI identify the long-run impact of R&D on TFP. Conversely, the coefficient of the firstdifferentiated regressor (b 1 ) captures short-run co-movements between dependent variable and regressors and, as such, it does not identify the direction of causality between these variables. 
R&D-intensive industries

Non with the delta method. The specification estimated is as follows:
1980
RI is a dummy variable taking the unitary value for R&D-intensive industries (chemicals, machinery, electrical equipment, transport equipment), and 0 otherwise. u and u RI define the long-run elasticity of TFP to R&D capital for non-R&D-intensive and R&D-intensive industries, respectively. ***Significant at 1 per cent level of confidence; **significant at 5 per cent level of confidence; *significant at 10 per cent level of confidence. significance of u and u RI is carried out with the delta method. P-values are reported in parentheses.
Looking at the long-run estimates for the period between 1980 and 2006, knowledge capital turns out to be a significant driver of productivity only for R&D-intensive industries. This finding holds for both Italy and Spain with the highest level of statistical significance, confirming the evidence found at industry level and firm level in earlier studies. 16 The estimated value for u RI is quite similar between the countries: 0.21 for Spain and 0.19 for Italy. This finding is noteworthy especially if one considers that Spain lagged behind Italy in terms of TFP growth and knowledge accumulation until the early 1990s. Since then, Spanish R&D-intensive industries rapidly caught up their Italian counterparts because of the sluggish R&D performance of the latter. As a consequence, over a longterm horizon, Spain was able to achieve the same (or even greater) productivity benefits from R&D as Italy.
These considerations are reinforced by the results obtained estimating Equation 7 between 1980 and 2000, i.e. excluding the period when TFP growth of knowledgeintensive industries was declining in both countries. Over this shorter time span, the elasticity of R&D capital is slightly higher for Spain (0.23), but remains unchanged for Italy (0.19). Probably due to their stagnant R&D capital, Italian industries have remained entrapped into a slow growth path before their Spanish counterparts. In other words, the better productivity performance of R&D-intensive industries in Spain seems caused by their increasing R&D investment since the mid-1990s, in contrast to what occurred in Italy. As discussed in Section 3, the different propensity to invest in R&D between these two countries can be ascribed to structural reasons (i.e. a lower and decreasing presence of large firms in Italy) and to the policy measures adopted to foster business R&D (more favourable in Spain).
Robustness Checks
5.2.1 Endogeneity Issues. Cointegration techniques are known for their robustness to endogeneity issues such as short-run simultaneity feedbacks, measurement errors and omitted variables problems. However, in our setting, one may be worried about the relatively short time span of the analysis, as it might inhibit the consistency of estimates. One concern may be that R&D effort is endogenous to TFP levels, as the most productive firms could be more prone to innovation because of, for instance, their greater exposure to international competition. Also, firms achieving unexpected product successes or productivity improvements may devote more resources to R&D and other complementary investments that, in turn, could enhance TFP. In other words, firms may anticipate the increase in productivity levels and therefore engage more in R&D. In this case, causality would run from TFP performance to R&D investment.
To exclude this type of endogeneity, we implement an instrument variables-type regression. Following Bloom, Schankerman, and Van Reenen (2013) , we first regress R&D capital on external institutional variables (first stage). Then, we use the predicted values of R&D capital deriving from such auxiliary regression in the ECM setting defined by Equation 7 (second stage). As identification variable, we use an industry-level measure of the strictness of employment protection. As in Bassanini, Nunziata, and Venn (2009) , this is computed by interacting, for Italy and Spain, a time-varying indicator of the overall employment protection legislation (EPL) with an industry-level, time-invariant indicator denoting the propensity to lay-off workers. To reduce simultaneity issues between EPL and lay-off propensity, the latter indicator is taken for a benchmark country (the USA). In the first stage, we estimate a static regression where R&D capital is assumed to depend on the index of EPL strictness (both variables are taken in logs). This specification is estimated with the FGLS procedure and includes industry fixed effects and common time dummies. These auxiliary estimates are presented in the first column of Table 5 , whilst the F-test of significance for the excluded instrument is reported in the second column of the table. The third and the fourth columns of The underlying specifications estimated are, respectively,
ln d RD is the projection of R&D capital on EPL in the first-step specification.
RI is a dummy variable taking the unitary value for R&D-intensive industries (chemicals, machinery, electrical equipment, transport equipment), and 0 otherwise. u and u RI define the long-run elasticity of TFP to R&D capital for non-R&D-intensive and R&D-intensive industries, respectively. ***Significant at 1 per cent level of confidence; **significant at 5 per cent level of confidence; *significant at 10 per cent level of confidence.
R&D and Productivity in High-Tech Manufacturing 373 Table 5 instead report the coefficient for the predicted value of R&D capital estimated in the ECM regression. The first-stage estimates indicate that 1 per cent increase in the index of EPL strictness reduces R&D investment between 1 per cent and 3 per cent. 17 The secondstage estimates yielded by such procedure are qualitatively similar to those shown in Table 5 . The main difference is that, for both countries, the impact of R&D capital for R&Dintensive industries is found to be larger. As a result, the baseline estimates of Table 4 are more conservative and can be regarded as lower bound values for the estimated impact of R&D on TFP. 18 5.2.2 Knowledge Obsolescence. A typical concern with this kind of analysis is to what extent estimates are influenced by the assumptions made in data construction. A crucial issue pertains the rate at which technological knowledge is hypothesised to obsolesce. The depreciation rate of R&D capital implicitly defines how current productivity improvements depend on past research efforts. The existing technological knowledge may be displaced by the coming of new knowledge. However, when technological change is incremental, the current stock of knowledge that is relevant to develop new products or production processes may rely upon past research efforts. If knowledge does not become obsolete quickly, older ideas strongly concur to the current R&D stock. Conversely, when R&D capital rapidly decays, the contribution of current knowledge to the next technological advances is negligible.
Thus far, we have adopted an annual depreciation rate of 15 per cent in building knowledge stocks, which is assumed constant across industries and over time. However, the rate at which knowledge becomes obsolete may vary across sectors and over time depending on technological opportunities. A focused analysis on knowledge decay is carried out by Hall (2007) , where industry-level rates of R&D depreciation are inferred from company-level data. In Table 6 , we employ the rates estimated in this study by means of the market value regression. In the light of the imperfect matching between the industry classification used by Hall (2007) and the one employed in the present study, we first reestimate the ECM model using industry-specific, time-invariant rates of R&D depreciation extrapolated by that study. Then, we apply industry-specific, time-varying decay rates. 19 To the best of our knowledge, there is no systematic work on R&D depreciation at industry level 17 The F-test assumes considerably high values, confirming the robust explanatory capacity of the excluded instrument. To validate the exclusion restriction, we included EPL within the baseline version of Equation 7, obtaining results identical to those of Table 4 . 18 We performed further robustness checks using a different methodology to compute TFP levels and assuming a different production function (available on request). We first get TFP as the residuals of a pooled OLS regression of a typical production function and, then, used such (stochastic) series within our ECM set-up. We performed this test considering either a Cobb -Douglas or a Translog production function. This exercise provided smaller long-run parameters for R&D-intensive industries which, however, show less variation between 1980 -2000 and 1980 -2006 compared to the results of Table 4 . These estimates are invariant to the nature of the production function used and, more importantly, confirm the ability of Spanish sectors to reap larger TFP benefits from research than their Italian counterparts. We warmly thank an anonymous referee for suggesting all the checks performed in this section. 19 In Table 6 , we only display the long-run coefficients of R&D-intensive industries. Details on data construction are reported in the Web Appendix. outside the USA and, therefore, we are forced to adopt the values found for this country. This implies the assumption that technological opportunities are similar across countries for each group of industries.
As Table 6 shows, assuming industry-specific, time-invariant rates R&D elasticities are lower than those found in Table 4 ; however, the relative size of these coefficients between countries and time periods remains similar. When we assume industry-specific, time-varying rate of knowledge depreciation R&D elasticities are of the same magnitude of the estimates shown above. 20 5.2.3 Optimal Lag Structure. One may also question to what extent our findings are influenced by the lag structure adopted in the empirical model, as it could not be sufficiently articulated to capture the true dynamics of the variables. Dynamic models produce The underlying specification estimated is as follows:
RI is a dummy variable taking the unitary value for R&D-intensive industries (chemicals, machinery, electrical equipment, transport equipment), and 0 otherwise. u and u RI define the long-run elasticity of TFP to R&D capital for non-R&D-intensive and R&D-intensive industries, respectively. ***Significant at 1 per cent level of confidence; **significant at 5 per cent level of confidence; *significant at 10 per cent level of confidence. 20 For Italy, u RI is higher when estimated over the entire time interval (0.215 against 0.195 for the period 1980 -2000).
Albeit the difference in parameter size is economically marginal, it turns out to be statistically very significant (Wald test p-value for equality of coefficients is 0.000). It can be explained with the fact that, in Table 6 , we use depreciation rates that are decreasing over time for most industries (9 out of 12; see consistent estimates only when the lag order is appropriately chosen, given that lagged variables neutralise the bias associated with reverse causality. In our baseline estimation, we worked with a very parsimonious model based on one-year lag of TFP and R&D, ARDL (1, 1). Now, we extend the lag structure to verify the consistency of estimates of Table 4 , adopting a top-down (two-step) procedure to select the optimal number of lags (Pesaran and Shin 1999) . This consists in estimating a set of regressions, from the specification with the maximum number of lags for each variable (up to three-year lags) to the most parsimonious one using only one-year lag per variable, and selecting the regression minimising the Akaike Information Criterion. 21 Over the 1980-2006 period, the procedure indicates that an ARDL (2, 1) is the proper model to capture dynamics in the variables both for Italy and Spain. Over the 1980-2000 period, the procedure points to an ARDL (2, 3) model for Italy and an ARDL (1, 2) for Spain. These estimates are reported in Table 7 , corroborating our previous inference for longrun estimates. Now, for Italy, the elasticity of R&D in R&D-intensive industries estimated for the 1980-2006 period is smaller than that in Table 4 (0.16 against 0.19). For Spain, there is evidence that knowledge capital generated excess returns in non-R&D-intensive sectors up to the late 1990s; however, this effect appears rather weak both from a statistical and an economic point of view, given that u is 0.079 and significant at a 10 per cent only.
Concluding Remarks
This paper has investigated the TFP enhancing effect of R&D investment in two key technology laggard countries of the EU. The analysis has provided some novel contributions to the literature on the drivers of productivity growth as well as to the policy debate on the factors needed to restore economic growth in Europe. First, the econometric analysis has revealed that, also in developed countries classified as technology followers, R&D investment is a crucial condition for boosting manufacturing productivity. Second, we have shown that the long-run elasticity of TFP with respect to knowledge capital of R&D-intensive industries is slightly higher in Spain than in Italy. Third, it has been documented that the relatively low impact of R&D capital in Italy can be explained by the decreasing rates at which R&D-intensive industries have been investing in knowledge since the early 1990s. This pattern is likely to reflect a combination of two factors. On the one hand, the downsizing of some of the largest Italian manufacturing firms since the mid-1990s and, on the other, the higher R&D efforts of the Spanish knowledge-intensive industries which have been undertaken also thanks to more favourable innovation policies.
If we neglect the last years of declining productivity growth (from 2001 to 2006), the estimated elasticity of R&D in knowledge-intensive industries is 0.23 for Spain and 0.19 for Italy. These findings would suggest that if R&D capital increased by 5 per cent annually for a sufficiently long period of time, 22 TFP levels of R&D-based industries would grow by 1.15 per cent per year in Spain and 0.9 per cent in Italy. Comparing these figures with the actual TFP 21 When the ARDL model admits p lags for the dependent variable and q for the regressors, ARDL ( p, q), the ECM specification includes up to p 2 1 and q 2 1 lags of the rate of changes of the dependent variable and the regressors, respectively. 22 Such an increase in R&D capital corresponds to that actually recorded in Spain from 1995 to 2006. Notes: Industry fixed effects and common time dummies included in all specifications. Feasible Generalised Least Square regressions allowing for heteroskedastic and industryspecific first-order autoregressive error, and cross-sectional dependence. P-values in brackets; long-run p-values computed with the delta method.
The underlying specification estimated is as follows:
ARDL ( p, q) identifies the Auto-Regressive Distributed Lag model with q lags for the dependent variable and q for the regressors; in this case, the ECM specification includes up to p 2 1 and q 2 1 lags of the rate of changes of the dependent variable and the regressors, respectively. RI is a dummy variable taking the unitary value for R&D-intensive industries (chemicals, machinery, electrical equipment, transport equipment), and 0 otherwise. u and u RI define the long-run elasticity of TFP to R&D capital for non-R&D-intensive and R&Dintensive industries, respectively. ***Significant at 1 per cent level of confidence; **significant at 5 per cent level of confidence; *significant at 10 per cent level of confidence. growth rates recorded by these industries during the 1990s (1.24 per cent in Spain and 1.08 per cent in Italy; see Table 1 ), the simulated increases in productivity-only induced by R&D-would be quite relevant. However, it should be reminded that the above productivity enhancing effect of R&D is not generalised to the whole manufacturing sector, but it is confined to the industries that, benefiting from higher technological opportunities, spend more in R&D. As a consequence, for countries with a low presence of R&D-intensive industries, like Italy and Spain, a surge of R&D investment cannot guarantee, in the short-run, dramatic productivity gains in the whole manufacturing sector 23 (and, a fortiori, in the entire economy). It is then obvious that if the productivity disease of these two countries has to be cured, a wider set of structural policies is needed. Among them, however, raising R&D investment seems indispensable, unless Italy and Spain accept to abandon technologically advanced industries and renounce to the positive externalities arising from them.
